In order to assess the potential of various marine ecosystems for shellfish aquaculture and to evaluate their carrying capacities, there is a need to clarify the response of exploited species to environmental variations using robust ecophysiological models and available environmental data. For a large range of applications and comparison purposes, a non-specific approach based on 'generic' individual growth models offers many advantages. In this context, we simulated the response of blue mussel (Mytilus edulis L.) to the spatio-temporal fluctuations of the environment in Mont Saint-Michel Bay (North Brittany) by forcing a generic growth model based on Dynamic Energy Budgets with satellitederived environmental data (i.e. temperature and food). After a calibration step based on data from mussel growth surveys, the model was applied over nine years on a large area covering the entire bay. These simulations provide an evaluation of the spatio-temporal variability in mussel growth and also show the ability of the DEB model to integrate satellite-derived data and to predict spatial and temporal growth variability of mussels. Observed seasonal, inter-annual and spatial growth variations are well simulated. The large-scale application highlights the strong link between food and mussel growth. The methodology described in this study may be considered as a suitable approach to account for environmental effects (food and temperature variations) on physiological responses (growth, reproduction) of filter feeders in varying environments. Such physiological responses may then be useful for evaluating the suitability of coastal ecosystems for shellfish aquaculture.
Introduction
Spatial planning provides a structural framework for activities in coastal areas, but requires support in important aspects of decision-making (Douvere and Ehler, 2009; Halpern et al., 2008) . As part of the ecosystem-based approach to aquaculture, several reports have emphasized the interest of applying geographic information systems (GIS) as part of such an approach (Aguilar-Manjarrez et al., 2010; Soto et al., 2008) . There is therefore a demand from institutions, especially at the European scale, for tools that can help optimize aquaculture practice, determine ecosystem carrying capacity, monitor water quality, restructure existing shellfish culture areas, assess maximum yield, select new potential sites and/or to assess fishing effort. The implementation of this type of tool requires an in-depth understanding of interactions between cultivated species and their environment (Dowd, 2005) in order to evaluate the carrying capacity of coastal areas, maintain cultivated species production and reduce ecological impacts. During the last decade, an increasing interest has been taken in the carrying capacity of shellfishgrowing areas (McKindsey et al., 2006) . Investigations have been conducted through field studies comparing growth capacities in several coastal ecosystems (Waite et al., 2005) , or by modelling approaches (Duarte et al., 2003; Jiang and Gibbs, 2005; Sara and Mazzola, 2004) . Nevertheless, there is still a need for a generic modelling approach to clarify the response of bivalves to environmental variability, i.e. a model that would be valid and easy to implement at any site, for any species and that could be used over time. Such modelling tools will allow a better understanding of shellfish growth variability, which mainly depends on physico-chemical conditions (e.g. temperature) and food supply. Different bio-energetic models have been developed to explain the growth of bivalves according to the environmental conditions, i.e. temperature and food supply. Most of these are net production models based on the Scope for Growth (SFG) concept (Bayne, 1976) ; they use a detailed empirical sequence of steps for nutrition and resource allocation, based on allometric relationships, and assume that the assimilated energy is immediately available for maintenance, the remainder being used for growth or stored as reserves (Bacher et al., 1991; Barillé et al., 1997; Grant and Bacher, 1998; Schneider, 1992; Scholten and Smaal, 1998) . Other, more mechanistic, models developed for bivalves are based on the dynamic energy budget (DEB) theory (Kooijman, 1986; Kooijman, 2010) , which has been successfully applied to several marine species (Bacher and Gangnery, 2006; Bourlès et al., 2009; Cardoso et al., 2006; Casas and Bacher, 2006; Pouvreau et al., 2006; Ren and Ross, 2005; Rico-Villa et al., 2010; Rosland et al., 2009; Ross and Nisbet, 1990; Van Haren and Kooijman, 1993) . DEB models do not use empirical allometric relationships, but simply state that feeding is proportional to surface area, whereas maintenance is scaled according to structural body volume. More generally, DEB theory proposes a generic energy budget approach that assumes common physiological processes among species and life stages via a set of parameters, the only difference among species lying in the values of the parameters. These promising arguments and recent successful applications led us to use the DEB model to estimate the growth response of blue mussel Mytilus edulis to a natural trophic gradient observed in a shellfish farming bay in North Brittany. Trophic resources are usually represented by the phytoplankton concentration (expressed as chlorophyll-a or cell concentration), because this resource seems able to explain most of the observed bivalve growth (Bacher and Gangnery, 2006; Bourlès et al., 2009; Pouvreau et al., 2006; Rosland et al., 2009) . As an initial approach, chlorophyll-a may therefore be considered as a relevant descriptor of the trophic resource because it correlates with the phytoplankton biomass. The method used in the present study consists of coupling a dynamic energy budget approach with environmental data extracted from satellite images (i.e. chlorophyll-a concentration and temperature). Such data have the advantage over traditional measurements of being inexpensive, spatially extensive, automatically repeated in time and validated, i.e. well-correlated with discrete field measurements. Remote sensing of ocean-colour is a powerful technology, but few applications devoted to aquaculture have yet been developed (IOCCG, 2009a) . Since the launch of the Sea-Viewing Wide Field-of-view Sensor (SeaWIFS) in 1997, a considerable data set has been collected from satellites (e.g. chlorophyll-a concentration, temperature and turbidity). These data have been shown to be very useful for phytoplankton monitoring in coastal waters (Gohin et al., 2003; Heim et al., 2005; Rivas et al., 2006) . Satellite-derived chlorophyll-a concentration and particulate inorganic matter (PIM) have also been used for forcing and validating a biogeochemical model of the Bay of Biscay (Huret et al., 2007) .
The objective of the present study is to simulate the growth and reproduction of the blue mussel (Mytilus edulis, L.) in response to spatio-temporal fluctuations of the environment (i.e. trophic resources, temperature), using an individual growth model based on Dynamic Energy Budgets (DEB) and integrating satellite-derived chlorophyll-a concentration and temperature data as forcing variables. Mont Saint-Michel Bay, one of the major shellfish aquaculture areas in France, was chosen as a study site. Numerous datasets collected on mussel growth and environmental conditions over many years are available for this site. After a model calibration step based on the monitoring of mussel growth over several years and several different locations, we applied our model to a broader area to assess the spatio-temporal variability of mussel growth and the suitability of new areas for mussel cultivation.
Methods

Study site and mussel culture
Mont Saint-Michel Bay (MSMB) is a large sedimentary enclave (500 km² with 240 km² of inter-tidal area), opening on the English Channel ( Figure 1 ). The mean depth is 12 m. Due to strong tidal currents, the water column is well mixed with no vertical stratification. MSMB supports a high level of shellfish production. More than 10 000 tons of saleable mussels are produced annually on poles in the bay, in addition to 5000 tons of Pacific oysters (Crassostrea gigas Th.) and 1500 tons of flat oysters (Ostrea edulis L.). The cultivation of mussels on poles follows four successive phases: (1) natural collection of mussel seed on ropes between March and May (no recruitment occurs in MSMB, so seed collection is made in other ecosystems and the seeded ropes are imported); (2) pole stocking with seeded ropes that are wrapped around the poles starting in March; (3) growing period of mussels on poles for ca. one and a half years; and (4) harvest, between June and December of the year following recruitment. In this large rearing area of around 1000 ha ( Figure 1) , there are ca. 350 000 poles. Producers are faced with both inter-annual and spatial differences in mussel growth. For instance, growth gradients have been observed from the coast to the open sea and in the west-east direction (Mazurié et al., 2005) . While the coast-offshore gradient can be largely explained by the tide inducing a gradient in immersion time (Baird, 1966; Seed, 1976) , the west-east gradient in mussel growth is probably explained by differences in food concentration (Cugier et al., 2010a) .
Mussel growth data
Growth data were collected in five sites of the farming area from west (site A) to east (site E) in the bay ( Figure 1 ). Samples were taken at a constant depth, corresponding to an average immersion time of 95 %, and concerned mussels grown according to two cultivation techniques. From 2003 to 2006, mussels were reared in bags. In 2004 and 2006, data were obtained for both mussels in bags and mussels grown on poles. Thus, data from a total of 23 growth surveys were used in this study ( Table 1 ). The bag survey provides standardized rearing conditions for mussels, especially with a standardized initial number of mussels per bag. The pole survey represents authentic rearing conditions with uncontrolled densities (i.e. number of mussels per pole), that were probably different between sites, depending on the initial density on ropes, mortality rate or falling during storms. For the bag survey (2003) (2004) (2005) (2006) ), 200 mussels from a common initial pool were randomly distributed in plastic nets (mesh size: 9 to 15 mm; volume  4 l). At the beginning of each survey, bags were tied to a pole at each station. Every month or two months, one bag was collected, sampled and analyzed. Details on sampling procedures are given in Table 1 . For the professional survey in 2004, three poles were totally harvested at each station every two months, and subsamples were then collected and analyzed; in 2006, mussels were directly sampled from the poles. Thirty mussels from the bag surveys were measured for shell length (L, cm) and weighed (dry flesh mass, DFM, g). For the growth surveys on poles, sampling was conducted from April to October 2004 and from April to November 2006. Shell length was measured individually on sub-sample of 100 individuals and the mean dry flesh mass was estimated on a pool of 30 mussels.
Satellite data
For the present work, satellite chlorophyll-a and temperature were collected every day from March 1998 to March 2007 at the scale of the whole of MSMB (http://cersat.ifremer.fr/data/view/nausicaa). Seawater surface temperature data were obtained from NOAA-18 satellite measurements (night temperatures) at a daily step. Since very low differences were measured between locations, a single profile was used for forcing the DEB model. The SeaWIFS reflectance, or the normalized radiance leaving the water, from which it is derived, was used to estimate the chlorophyll-a (Chl-a) concentration, based on the OC4 algorithm (Gohin et al., 2002; O'Reilly et al., 1998) . Chl-a data were extracted daily at midnight from SeaWIFS reflectance data at a 1-km² resolution. Only periods without strong nebulosity contain useful information; a specific merging method was thus applied to extract daily information (Saulquin et al., 2010) . Satellite Chl-a concentrations have already been validated against in situ measurements in different locations including the MSMB (Gohin et al., 2008) .
DEB model
The dynamic energy budget model used was developed on the basis of DEB theory (Kooijman, 2010) . The dynamics of growth and reproduction can be fully described with equations that describe the dynamics of the energy reserve E, the dynamics of the energy allocated to the structural body volume E V , and the storage and use of the energy allocated to development (complexity acquisition before sexual maturity) and reproduction E R . We only provide the main equations that we used to simulate mussel growth ( Table 2) . For a full description of the equations, see Rosland et al. (2009) and van der Meer et al. (2006) . The DEB parameters used in the present study come from Rosland et al. (2009) . Only the shape coefficient δ V and the half-saturation coefficient X K are calibrated (see 2.6). As a first approximation, spawning was induced by a critical gonado-somatic index (GI, %), defined as the ratio between the gonad mass and the total flesh mass, and a minimal temperature threshold T S . When these two thresholds are attained, the reproductive buffer E R is totally emptied. An average GI and a temperature threshold T S for spawning were adjusted by comparing observed and predicted spawning events. The observations of spawning events were deduced from the losses of dry flesh mass measured during each survey of this study.
Growth simulations
Growth simulations were performed with MatLab ® software (The MathWorks TM , Inc. USA). Initial values of the state variables were derived from field measurements of seed mussels. Initial L and DFM were 0.75 cm and 1.4.10 -3 g, respectively. Due to the very low initial size, the reproductive buffer E R was considered to be empty at the beginning of the simulations. Initial DFM was then distributed between the structural volume E V , and storage E. Energy allocated to these two compartments was firstly constrained by the initial L and then energy allocated to E V was calculated according to equation (10) ( Table 2 ). The remainder was allocated to E according to equation (9) ( Table 2).
Calibration step
Calibration was carried out on the 23 available datasets ( Table 1) . Mussel growth was simulated over two years starting from 15 March of the year before the growth study started, which corresponds to the date when new seeds are stocked on poles in MSMB. In our experiments, the mussels were reared for one year in site A and dispatched in the 5 sites the second year of rearing. Then, the environmental forcing variables used for the simulations were the same for all sites until the beginning of the second year and correspond to site A conditions. Afterwards, the satellite data points closest to each site were used. Initial conditions are considered to be homogenous and correspond to the seed mussel characteristics described above. The parameters X K and δ V were calibrated on the 23 growth curves, according to the Nelder and Mead simplex (for more details see DEBtool manual index.html in the subdirectory 'manual' of DEBtool at http://www.bio.vu.nl/thb/deb/deblab/). The calibration was performed on both: shell length and DFM. The calibration on length, giving the best adjustment, was retained. The goodness-of-fit of the model was evaluated by linear regression between the observations (X) and the simulations (Y), excluding the first values. This model was tested against the model Y = X at an α error threshold of 5 %. The R² coefficient of determination was used to indicate the amount of the variance explained by the model.
Large scale application
As a large-scale application, we made a simulation of mussel growth in the whole of MSMB and an extension northward, outside the existing mussel farming area, up to the Chausey Islands. Growth was simulated at each of the 584 points documented for Chl-a and covering the whole of MSMB at a daily time step. Nine years of growth were simulated from 1998 to 2006, resulting in nine growth profiles. Each simulation started and ended on 15 March, which corresponds to the date when new seeds are stocked on poles in MSMB. Simulations were performed with an immersion time factor of 1 for the oceanic sectors and an immersion factor of 0.95 for intertidal sectors. Initial values of the state variables were derived from field measurements of seed mussels. Initial L and DFM were 0.75 cm and 1.4.10 -3 g, respectively. The final shell length and dry flesh mass were averaged over years for the 584 points, giving an indication of the spatial growth variability. Standard deviations (SD) of these averages were calculated in order to estimate the inter-annual variability of mussel growth over the years in the whole MSMB.
Results
Satellite data
Seawater temperature fluctuated according to a seasonal pattern between a minimum of 6 °C in February and a maximum of 20.4 °C in August ( Figure 2 ). The annual mean was of 13.10 °C with an intra-annual standard deviation (SD) of 4.01 °C corresponding to a coefficient of variation (CV = standard deviation / average) of 30.61 % and an inter-annual SD of 0.26 °C (CV = 1.98 %). Only slight differences were observed among sites within the whole area, with a mean SD of 0.17 °C corresponding to a CV of 1.27 %. Figure 3 shows an example of data extracted from satellite images for May and December 2003. A positive geographical gradient could be observed from west to east in the bay with maximum values in the southeast part of the bay, close to the location E. The overall spatial SD averaged 0.54 µg L -1 corresponding to a mean CV of 37.6 %. This spatial distribution in Chl-a concentration may be clearly observed from May to September during the most productive period for primary production (i.e. highest Chl-a concentrations). For the rest of the year, there was no particular gradient. In winter, the measured concentrations revealed a strong homogeneity among locations.
Calibration step and model performance
The calibration step that was performed on the 23 growth profiles gave a X K value of 1.61 µg L -1 and a shape coefficient (δ V ) value of 0.274. These values were used in all our simulations. The observed mussel growth for both culture methods, i.e. bag and pole surveys, was correctly simulated by the model, both in shell length and dry flesh mass (DFM) ( Figure 4, 5) , without any significant difference between observed and simulated growth, i.e. model Y = X ( Figure 6 , Table 4 ). Moreover, there was no difference in the mussel growth between the two rearing methods (bags vs poles). Nonetheless, some dispersion among points appeared in the data, mainly for DFM, which may explain the low values of the determination coefficient, i.e. 49 % for bags and 52 % for poles. The simulated growth in shell length (L) exhibited a seasonal pattern with a period of rapid growth during the warm season from March to September, and a period of (almost) null growth during the cold season ( Figure 4 ( Figure 4) . The spatial gradient was more pronounced for DFM profiles than for L profiles, with the highest growth found in the eastern part of the bay (site E) and the lowest growth in the western part (site A). The inter-annual growth variability implies a difference in the timing of spawning. As a consequence of the low growth in 2005, no spawning occurred during the first year of growth, whereas all the other annual surveys showed two spawning events, one during the first year and the other during the second year of the mussel growth cycle.
Large scale application
The mean final length and dry flesh mass and their corresponding standard deviations were simulated and mapped over the whole bay ( 0). Both L and DFM showed a clear spatial pattern following a positive gradient from west to east ( 0a and 7b). Final L and DFM ranged, according to the different sectors, from 2.68 to 4.04 cm and from 0.22 to 0.72 g, respectively. The highest growth performances were found in the south-eastern part of the bay close to the river exit, and in a small area, east of the Chausey Islands. The lowest mussel growth was found in a small area in the eastern part of Cancale, in the southwest of the bay ( 0a, 7b). The inter-annual growth variability in L and DFM, expressed by the standard deviation (SD), exhibited specific spatial patterns. The variability in L appears to be independent of the mean, with the largest SD in the centre of the bay and the lowest SD close to the coast ( 0c). This pattern can be explained by the low variability in mussel length, ranging from 0.11 to 0.26 cm. Conversely, the standard deviation for DFM seems to be related to the mean, with a positive west to east gradient showing a large area of high variability covering the eastern half of the bay ( 0d). The dry flesh mass SD ranged from 0.05 to 0.1 g. For both L and DFM, the small area close to the Chausey Islands exhibits the lowest variability while the standardized variation, expressed by the coefficient of variation (CV), shows the same pattern, with low variability close to the coast ( 0e, 7f). Thus, length and dry flesh mass CV range from 2.8 to 8.3 % and from 8.8 to 26.3 %, respectively.
Discussion
Since Bayne's Scope for Growth paper (Bayne, 1976) , numerous studies have been conducted on the energy budget of mussels, Mytilus edulis. Different types of models for energy acquisition and allocation have been proposed for this species (Scholten and Smaal, 1998) . In our study, we used the DEB model, which had previously been applied to M. edulis by Ross and Nisbet (1990) and by van Haren and Kooijman (1993) . Based on a recent version of the DEB-mussel model developed by Rosland et al. (2009) , we used satellite-derived environmental data (i.e. temperature and Chl-a) to describe the mussel growth variability in MSMB. To our knowledge, this is the first time that such a forcing has been made. The calibration step made it possible to validate the capability of the DEB model forced with satellite-derived data to describe spatial and temporal variability in mussel growth as observed on the field. As reported by Riera (2007) in a study with isotopic markers in MSMB, there is a prevalence of the phytoplankton in the mussel diet. Our results, using Chl-a as a food marker, seems to confirm this prevalence. Only two parameters of the model, the half-saturation coefficient X K and the shape coefficient δ V were calibrated. δ V defines how surface areas and volumes, which are linked to acquisition and maintenance processes, respectively, are related to one another. We made the choice of recalibrating δ V due to a systematic under-estimation of mussel DFM when using the value of 0.231 given by Rosland et al. (2009) for Norwegian sites. We obtained 0.274 as a new value of δ V for M. edulis in MSMB, which is closer to the δ V value of 0.287 estimated by van der Veer et al. (2006) . This parameter could then be site-specific, related to environmental parameters like hydrodynamics, density or food level, and possibly linked to rearing practices, e.g. cultivation method, rearing density (Alunno-Bruscia et al., 2001; Seed, 1968) . The value of the half-saturation coefficient X K was 1.61 µg L sites could be related to differences in the phytoplankton composition. In addition, one of the possible explanations for the difference among half-saturation coefficient values could be the sitespecific silt load, i.e. turbidity (Kooijman, 2006) , or other particles rejected as pseudo-faeces. Indeed, compared to the low seston conditions in Norwegian sites, the waters of MSMB present higher phytoplankton concentrations and may contain higher inorganic matter (up to 50 mg L -1 , unpublished data) due to the large inter-tidal area influenced by a strong tidal regime. Inorganic seston may be deleterious for suspension-feeding species (Kooijman, 2006; Ren, 2009) . Incorporating inorganic matter into the functional response could, therefore, be a potentially useful way of improving our predictions and making it possible to apply the same parameterisation in different locations (Ren, 2009) . Since satellite-derived data supply particulate inorganic matter (PIM) concentration the introduction of PIM concentration in the functional response may be an interesting prospect of this study. Nonetheless, it is noteworthy that a single value of X K allowed a good fit of the simulations against observations over a heterogeneous water body of 1000 ha and for 4 successive years. Despite the capacity of the satellite-Chl-a signal to explain a large proportion of the mussel growth, the half saturation coefficient does not integrate the temporal variability in the food quality. This could explain some of the differences observed between our simulations and the observations. Energy uptake during spring and summer was under-estimated and, inversely, the energy uptake in autumn and winter was over-estimated ( Figure 4, 5) . In coastal ecosystems, phytoplankton composition exhibits a clear diversity, showing a seasonal signal with species succession (Gailhard et al., 2002; Pannard et al., 2008) . Some of the species contributing to the fluorescence signal could present morphological characteristics (e.g. size, shape) or toxicity deleterious to mussel ingestion and/or assimilation. Moreover, the carbon (C) to Chl-a ratio clearly shows that seasonal variability depends on nutrients, temperature and light (Cloern et al., 1995; Pridmore and Hewitt, 1984) . The amount of energy contained in the same quantity of fluorescence could, therefore, be variable (minimum in winter, maximum in summer). In a recent study on modelling the growth of Crassostrea giga, the use of a variable rather than fixed Chl-a:C ratio allowed simulations to be improved (Grangeré et al., 2009) . As long as Chl-a is used as a proxy of trophic resources, therefore, integration of a quality index for the seasonal variability of phytoplankton, might improve growth simulations significantly. In our study, the reproductive cycle of M. edulis has been simplified and the spawning events have been partially adjusted through different gonado-somatic index GI and temperature threshold T S . This simplification of the reproductive cycle could partly explain the poor fit between simulated and observed DFM, mainly during the spawning period. In temperate areas, the mussel M. edulis is well known to present a sexual cycle clearly alternating between a resting phase during summer, with accumulation of glycogen storage, and a gametogenesis phase over the rest of the year (Lubet, 1956; Lubet, 1959) . To improve the prediction of sexual cycle dynamics and the date of spawning, a new state variable giving the dynamics of gamete production and gonad shrinking could be incorporated, as developed for C. gigas by Bernard et al. (submitted -this issue) . In any case, despite the present lack of precision, our simulations point out the link between the food variability and the reproductive dynamics of M. edulis. The first year spawning appears to be highly determined by the amount of food, as simulated in 2005 when no spawning occurred. In the DEB theory, however, the energy allocated to reproduction usually does not affect the structure compartment and the individual length -at least when food supply is large enough to support maintenance costs (Pouvreau et al., 2006) . Any improvement of the reproduction mechanisms would likely not modify length predictions. The large-scale application of the model beyond the current rearing area showed both spatial and temporal variability in mussel growth performances. The overall trend appeared strongly linked to the spatio-temporal variability in Chl-a concentration. A gradient of growth from the coast to the outer part of the bay is demonstrated, mainly in the eastern part of the bay. The inter-annual variability in DFM, expressed by the standard deviation, exhibits a spatial pattern highly linked to the mean DFM gradient: the highest absolute variations were recorded close to the coast. However, due to the lowest magnitude of the variability in shell length, the spatial pattern of its inter-annual variability did not follow the mean pattern, and exhibited higher values in the centre of the bay than close to the coast. For both L and DFM, the standardized variation expressed in terms of coefficient of variation shows the same pattern, with the lowest variability close to the coast. The area close to the coast in the eastern part of the bay, therefore, seems to be a sector with good growth that would be suitable for the extension of mussel farming activities. Enrichment by terrestrial nutrients through rivers located in the southeast of the bay may explain the high growth of M. edulis in this sector. Conversely, the southwest part of the bay showed the lowest mussel growth. This may be explained by the filtration pressure of the cultivated (M. edulis, C. gigas and O. edulis) and invasive (Crepidula fornicata) mollusc species, concentrated in the western part of the bay (Cugier et al., 2010a) . It is clear that Chl-a concentration reflects the actual interactions between primary production and benthic filter-feeders and would change in relation to variability of nutrient inputs, extension of mussel farming and changes in other competitors (Cugier et al., 2010a , Cugier et al., 2010b . We did not examine longterm changes but very recent work showed that temperature and Chl-a exhibit several patterns of inter-annual variability. Regional climate influences coastal European systems and modifies physical and chemical parameters and Chl-a (Goberville et al., 2010) . It has been attributed to temperature, local atmospheric and ocean circulation. In the Bay of Biscay (close to the English Channel), the temperature evolution over the past 40 years has been investigated by using field data completed with satellite data (Michel et al., 2009) . A strong warming of 0.2 °C per decade has been found over the period from 1965 to 2004. This trend is not steady, as a cooling period occurred until the early 1970s, and the temperature increase has been significantly stronger during the last 20 years (0.3 °C per decade from 1986 to 2005). The inter-annual variability is also very important. Michel et al. (2009) highlighted the potential implications with respect to species distribution and dynamics of species exploited by fisheries. These effects remain to be assessed, and DEB models are likely to be used in a near future to assess the response of biological traits to environmental changes (Kearney et al., 2010) . Again, the combination of DEB models and satellite images offers an excellent opportunity to investigate long term ecosystem changes. Understanding and predicting spatial structures and marine ecosystem dynamics in relation to environmental variability require complementary tools combining models and observations at different scales. This also stands for carrying capacity assessment, and it has been acknowledged that no single tool would address all dimensions of carrying capacity in the frame of Ecosystem Approach to Aquaculture (EAA). The integration of several levels of organisation, e.g. individual, population and ecosystem (Beadman et al., 2002 ) is a major stake in the EAA . In a recent paper Nunes et al. (2011) illustrate how assessment tools associated in a multi-method evaluation framework address different scales. At ecosystem scale, the coupling between different types of models (DEB, ecosystem, etc.) has already been successfully implemented to assess the interactions between cultivated species and ecosystem dynamics (Grangeré et al., 2010; Guyondet et al., 2010; Duarte et al., 2003; Cugier et al., 2010a) . Our approach lies in between system and local scales issues, since we screen spatial variability of potential mussel growth over a whole ecosystem. The information provided by our model can help local farmers to select sites according to an indicator of potential growth. We suggest that a quantitative indicator of mussel growth improves suitability indices resulting from a combination of several types of information commonly used in the building of suitability indicators. With respect to environmental constraints, Radiarta et al. (2008) only consider qualitative information, e.g. minimum and maximum temperature, salinity and chlorophyll ranges. Ecophysiological models clearly show that, within such suitability domains, a large variation of individual growth is expected. However, it must be kept in mind that this extrapolated growth assumes low densities of mussels. Indeed, this approach neglects the depletion of food density that necessarily results from the establishment of high stock levels, as reported by Cugier et al. (2010a) for the western part of MSMB. A straightforward development would take into account local density effects through the so-called depletion models (Bacher et al., 2003) or farm-scaled models (Nunes et al., 2011) . Such models require input data which come from discrete sampling (Bacher et al., 2003) or ecosystem models (Nunes et al., 2011) . Alternatively, the use of satellite images will allow to replace scarce input data (temperature, Chl-a) by datasets continuous over time and space. We therefore intend to provide farmers with additional information on suitable density (with respect to farm scale production and environment impact). It would exactly follow the computing steps described by Bacher et al. (2003) . Our model may therefore be considered as a suitable method to account for environmental impacts (food and temperature variations) on the response (growth and reproduction) of an organism subject to varying environmental conditions. Such biological responses may also be included in a Geographical Information System describing the potential uses of a coastal area (Kapetsky and Aguilar-Manjarrez, 2007; Radiarta et al., 2008; Salam et al., 2003) and, thus, contribute to spatial planning of coastal ecosystems by addressing three issues: suitability of sites for aquaculture, extension of the aquaculture area, and response of ecosystems to aquaculture.
Conclusion
The use of ocean-colour radiometry (OCR) is an appealing option for several reasons -spatial coverage, accuracy of the Ch-a estimation, temporal scales, availability on internet servers. OCR data supply precious information on spatial and temporal variability of environmental parameters, i.e. surface temperature, Chl-a and PIM concentration, surface height and waves, ice cover and (soon) surface salinity. Thanks to the spatial coverage and timeframe of satellite images, it is possible to assess long term variability at a spatial resolution which is consistent with ecological issues -e.g. spatio-temporal variability of phytoplankton in relation with primary production, classification of ecosystem types, detection of harmful algae blooms, assessment of ecosystem changes, indicators of ecosystem health and response to environmental drivers and anthropogenic pressures. IOCCG (2008 IOCCG ( , 2009b has published very complete reports on operational uses of OCR in marine areas. The value of satellite data for the management of marine resources has become obvious and is emphasized in a number of recent publications (Aguilar-Manjarrez et al., 2010; IOCCG, 2009a) . In our paper we described how the combination of remote sensing and modelling provides a map of biological traits for one species in the context of carrying capacity. The results rely upon very few assumptions and give robust and sensible indicators of mussel growth in various places, which makes the approach very attractive for a wide range of issues, e.g. carrying capacity assessment, responses of biological traits to long term environmental changes, assessment of trophic limitations for filter-feeders. Our work relates to interesting and powerful future analyses and developments along two directions. First, the coupling of DEB and farm models (Rosland et al., accepted -this issue) will be implemented using OCR data as input data (temperature, Chl-a) and will allow to predict local mussel production. Second, the combination of OCR data and DEB models for several documented species can be used to investigate the effect of long term environmental changes on biological traits at regional scales (e.g. the English Channel), with reference to the framework described by Kearney et al. (2010) who aim at linking bioenergetics and niche ecology in order to explain habitat structure and ecosystem functions. 
